Abstract Here we present a theoretical interpretation of high-frequency, high-quality tracer time series from the Hafren catchment at Plynlimon in mid-Wales. We make use of the formulation of transport by travel time distributions to model chloride transport originating from atmospheric deposition and compute catchment-scale travel time distributions. The relevance of the approach lies in the explanatory power of the chosen tools, particularly to highlight hydrologic processes otherwise clouded by the integrated nature of the measured outflux signal. The analysis reveals the key role of residual storages that are poorly visible in the hydrological response, but are shown to strongly affect water quality dynamics. A significant accuracy in reproducing data is shown by our calibrated model. A detailed representation of catchment-scale travel time distributions has been derived, including the time evolution of the overall dispersion processes (which can be expressed in terms of time-varying storage sampling functions). Mean computed travel times span a broad range of values (from 80 to 800 days) depending on the catchment state. Results also suggest that, in the average, discharge waters are younger than storage water. The model proves able to capture highfrequency fluctuations in the measured chloride concentrations, which are broadly explained by the sharp transition between groundwaters and faster flows originating from topsoil layers.
Introduction
River hydrochemistry is largely regulated by transport processes that take place at whole-catchment scales. Watersheds are complex heterogeneous systems that receive atmospheric inputs from rainfall and also internally generate solutes through interactions between mobile and immobile phases [Rinaldo and Marani, 1987; Anderson et al., 2002; Botter et al., 2006; Godsey et al., 2009; Thompson et al., 2011; Park et al., 2013; Kirchner and Neal, 2013] . Solutes are then transported through soils and aquifers toward the channel network and the catchment outlet. While multidecadal hydrochemical data are essential to determine longterm export dynamics, high-frequency data sets prove particularly important for understanding event-scale dynamics which may cause rapid fluctuations in stream concentrations [Kirchner and Neal, 2013] . Highfrequency measurements allow the identification of shifts in catchment behavior associated with variations in catchment connectivity caused by drying and wetting [Tetzlaff et al., 2014; Smith et al., 2013] . Similarly, stream hydrochemistry can be used to investigate the role of nonlinearities and thresholds in runoff generation [Detty and McGuire, 2010; Gannon et al., 2014] . This is especially true in headwater catchments, where geomorphic effects of river networks (like the in-stream mixing of water originating from spatially distinct source areas) [Rinaldo et al., 1991] can be disregarded and the critical role of hillslope processes is dominant.
The time-variant theory of travel time distributions [Botter et al., 2010; Rinaldo et al., 2011; Botter et al., 2011; van der Velde et al., 2012; Benettin et al., 2013a; Harman, 2015] is a relatively recent advance in the field of catchment hydrology that explicitly accounts for the temporal variability of flow, storage states, and mixing in catchments. This theory is in line with recent theoretical advances that conceptualize catchments as stochastic dynamical systems [Kirchner, 2009; Botter et al., 2009] . The main innovations consist in considering water parcels as a dynamic population that evolves within a defined hydrologic control volume, and in characterizing the outflows through their ability to sample individuals of different ages from the storage. The need for new tools that can capture the dynamic nature of catchments has led to many recent time-variant
The availability of high-quality data sets, jointly with extensive information on soil features and biogeochemistry, make the Plynlimon watersheds an ideal place to test recent advances in water age theory. In particular, our main focus here is analyzing and modeling chloride concentrations at the catchment outlet during 1 year of high-frequency measurements, with a view toward clarifying physical processes. Chloride has been extensively used to investigate transport processes at the catchment scale Page et al., 2007; Shaw et al., 2008; Oda et al., 2009; Godsey et al., 2010; Kirchner et al., 2010; van der Velde et al., 2010; Hrachowitz et al., 2013; Benettin et al., 2013b] , because it can be often considered as a conservative tracer [see Svensson et al., 2012] . At Plynlimon, chloride mainly originates from sea salt in rainfall, cloud water, and aerosol dry deposition, resulting in mean streamflow concentrations of about 527 mg/L Kirchner and Neal, 2013] . Such a concentration is significantly higher than background noise, but lower than the toxicity threshold for vegetation uptake [Xu et al., 1999] , implying some active role of plant uptake in the underlying solute circulation [Queloz et al., 2015a [Queloz et al., , 2015b . Still, the impact of vegetation on tracer transport is poorly understood [Brooks et al., 2010; Penna et al., 2013] and catchment-scale mixing processes cannot be quantified directly. Thus, hydrochemical models represent a useful tool to test hypotheses concerning physical processes that drive solute circulation in river basins.
The hydrochemical model developed in this paper, based on a travel time formulation of transport and calibrated against chloride concentration measurements, is used to: (i) estimate the water storage that contributes to discharge and solute mixing, (ii) understand the transport mechanisms that drive the temporal dynamics of stream chloride concentration, and (iii) estimate the age of water released by stream discharge under different wetness conditions. Our results demonstrate that coupling solute measurements and transport models can significantly improve our ability to quantify spatially distinct streamflow sources and catchment-scale mixing processes, and may eventually support the interpretation of emergent patterns in river hydrochemistry.
Data and Study Area
In this study, we analyze data from the Upper Hafren catchment, mid-Wales (UK), where the Centre for Ecology and Hydrology (CEH) conducted intensive measurement campaigns (2007) (2008) (2009) , aimed at taking highfrequency water quality measurements in precipitation and streamflow, spanning more than 40 elements of the periodic table [Neal et al., 2012 Kirchner and Neal, 2013] . The watershed is part of the Plynlimon catchments, which have been extensively studied for the last 40 years, resulting in a notable body of literature that documents their climatic and morphologic features and explores their hydrological and hydrochemical behavior [see Kirby et al., 1991 Kirby et al., , 1997 Neal et al., 2001; Neal, 2004; Brandt et al., 2004; Marc and Robinson, 2007, and references therein] .
The Hafren catchment (3.7 km 2 ) is subdivided into an upper and lower part (Figure 1 ) corresponding to two distinct landscapes [Neal et al., 2010] . The Lower Hafren (LH) is a Sitka spruce forest plantation underlain by peaty podzol soils, whereas the Upper Hafren (UH) is a relatively undisturbed moorland catchment with some wetland areas. Both UH and LH catchment outlets were monitored during the measurement campaign. Our analysis focuses on the UH because its high-frequency water quality record is longer. Further information describing the UH can be found in Neal et al. [2010 Neal et al. [ , 2011 . The contributing catchment is small (1.2 km 2 ) with elevations ranging from 533 m at the gauging station to 738 m at the upper divides. A peat soil of about 40 cm overlies highly fractured mudstone and shale bedrock. The bedrock is progressively less weathered with depth, but borehole investigations revealed volumetrically significant water at depths up to 35 m and hydrologically active fracture flow at depths up to 95 m Haria and Shand, 2004; Shand et al., 2005] . Robinson, 2007] and a simple water balance based on precipitation and discharge measurements suggest that evapotranspiration may be 15% or less of precipitation. The hydrologic response is fast, with peak flows typically occurring within 1 h of precipitation and with a marked nonlinear relation between storage and discharge, as described by Kirchner [2009] .
Chloride inputs are due to sea salt aerosols coming from the Atlantic Ocean, whose concentration can vary greatly from one storm to the next. The signal is markedly damped in discharge due to catchment transport processes that act as a fractal filter and convert white noise inputs into 1=f noise outputs Kirchner and Neal, 2013] . As shown by Neal et al. [2012] , streamflow concentration displays timevarying correlations with discharge ( Figure 2) , with discharge peaks corresponding to both positive and negative fluctuations in chloride concentrations. This suggests the presence of a slowly varying base flow concentration that is temporarily increased/decreased by high-flow components characterized by a higher/ lower concentration [Neal et al., 2012] . The rationale behind this idea will be further explored with the aid of the model results (section 5).
To avoid some large gaps that occurred in the water quality measurements, our analysis spans the period from 22 December 2007 to 24 November 2008 (338 days) and comprises 1161 samples at 7 h intervals, including a few minor gaps. Over the same period, hourly rainfall measurements from the Carreg Wen station and 15 min discharges at the outlet are available. All water quality data are property of CEH and are freely available through their Information Gateway (https://gateway.ceh.ac.uk/). 
Overview of the Theoretical Approach
In this section, we briefly review the methods that are directly relevant to this study, while a full description of the theoretical basis upon which the model is built can be found in Botter et al. [2010 Botter et al. [ , 2011 and van der Velde et al. [2012] .
Let us consider a general system defined by a control volume V, crossed by input fluxes IN(t) (typically rainfall) and output fluxes OUT(t) (typically both evapotranspiration and discharge), that define the temporal dynamic of the storage S(t) according to continuity. The age T of a water particle is the time elapsed since its entrance into the system, but we shall use two different terms to differentiate whether the age refers to a particle drawn from the storage or from the outflows. According to the terminology introduced by McGuire and McDonnell [2006] , the age of a water particle in storage is termed residence time T R to stress that the particle is still residing within the volume, hence its age can still grow. The exit age, instead, is called travel (or transit) time T T , to stress that it pertains water particles that have completed their hydrologic journey within the control volume, as they are leaving the storage. Note that such notation and nomenclature, at times nearing a jargon, is not uniformly adopted in the literature, where the term residence time is sometimes used as a synonym of travel time. Two facts follow directly from the above definitions: (i) for any water particle, the travel time represents the maximum possible value of the residence time, as particles leaving the catchment cannot grow any older; (ii) when the input is sporadic (as rainfall forcings typically are), there cannot exist residence and travel times corresponding to periods with no input because no particles can exist with that age.
When considering many water particles traveling within the same control volume, the concept of residence and travel time leads to the definition of the residence time distribution (RTD) and travel (or transit) time distribution (TTD). TTDs can be interpreted in two different ways, depending on whether they track ages forward or backward in time [Cvetkovic et al., 2012] . In ''forward'' tracking, one selects a given particle injection at a fixed time t i and follows the subsequent exit times. In ''backward'' tracking, instead, one focuses on a given exit time t ex , considers the particles that leave the system at t ex and then tracks their various entrance times backward in time. Although traditional transport approaches considered strictly forward distributions [e.g., Danckwerts, 1953; Kreft and Zuber, 1978] , backward distributions are typically more suitable for studying streamflow measurements at an outlet, as they reflect inputs and transport processes that occurred prior to the sampling time. Forward and backward TTDs can be related by continuity [Niemi, 1977] . The RTD represents the distribution of the ages available within the storage at a given time t and, because it is based on the sequences of inputs that occurred prior to t, it is a backward distribution. In this study, we will only use backward distributions, denoting them with the following notation: p S ðT; tÞ for the RTD and p Q ðT; tÞ for the backward TTD. The notation stresses that these functions are time-dependent probability densities, defined over the age domain.
As the RTD represents the age storage of the catchment (normalized by the water storage amount), it serves as an age source for the outflows. Hence, assessing the set of ages preferentially removed from the storage (with respect to those available) is a meaningful way to characterize catchment-scale transport processes and can be performed by looking at how the TTD differs from the RTD. Such a difference can be studied Examples of SAS functions are illustrated in Figure 3 . For every age T, the benchmark value is x 5 1, indicating that such age is sampled by the outflows in the same proportion as it is contained within the storage. Otherwise, when x > 1 (x < 1), the considered age is oversampled (undersampled) by the outflows. Three main characteristic shapes can be thus identified in catchments (see Figure 3 ): (i) preference for younger ages, as a result of the mobilization of younger particles stored, e.g., in shallow soils, (ii) no preference (random sampling, x 5 1), occurring when dispersion is enhanced [Benettin et al., 2013a] and discharge is a representative sample of the stored ages, (iii) preference toward older ages, when younger water is present but not mobilized, e.g., during late recessions.
SAS functions are spatially integrated descriptors of catchment processes and allow for the identification of general transport features, regardless of the specific input-output sequence considered in the study. Moreover, they can be used to define the dynamic linkage between the age distributions of storage and fluxes , thereby shifting the focus from the TTDs to the underlying age-selection processes that generate such TTDs. This may be a promising avenue for the development of a general catchment theory.
Despite the intuitive essence of the formulation and the advances achieved by using a transformed travel time domain [van der Velde et al., 2012; Harman, 2015] , the use of SAS functions is still a challenge, because few real-world applications have been proposed in the literature and numerical solutions can be computationally demanding. A compelling alternative is to model the catchment through a series of physically meaningful storage partitions (typically, one for the shallow soil and one for deeper groundwaters) and assume a random sampling (RS) mixing scheme within each storage. This enables the use of analytical solutions that are particularly easy to implement. Moreover, the RS assumption was shown to give reasonable results in systems with high degrees of heterogeneity [Benettin et al., 2013a; Ali et al., 2014] and has been successfully applied to different settings [Bertuzzo et al., 2013; Benettin et al., 2013b] including comparisons to spatially distributed 3-D numerical models . Under the RS approximation, the SAS function is equal to unity, hence the travel and residence time distributions coincide [Botter, 2012; Hrachowitz et al., 2013] and can be expressed as:
OUTðsÞ SðsÞ ds
The related formulas for the computation of TTDs in multi-RS systems can be found in Benettin et al. [2013b, Appendix A] .
The variability of TTDs over time is naturally induced by the time variability of hydrologic fluxes (see equation (2)). Nevertheless, it is equally interesting to provide time-invariant descriptors of transport at catchment scale that are able to summarize some ''typical'' behavior of the system. To this end, one can compute an ensemble average of individual TTDs over specific catchment states or during prescribed periods of interest, e.g., dry/wet periods [Botter et al., 2010] , seasons, or the entire period of record [Heidbuechel et al., 2012] . This time averaging is a marginalization of the TTD over time (see Appendix A) and can help in characterizing the system behavior as a function of the underlying catchment state. 
Hydrochemical Model of Upper Hafren and Its Parameter Calibration
A simple hydrochemical model was developed to simulate chloride transport at Upper Hafren. The model is similar to that used in Benettin et al. [2013b] and is made up of a hydrological and a transport component: the hydrological model is needed to estimate water fluxes and storages over the simulation period, while the transport model describes the evolution of chloride concentrations within the catchment and in the outflows.
Hydrologic Model
Previous studies of the Hafren catchment [e.g., Shand et al., 2005; Haria and Shand, 2006] inspired us to conceptualize the catchment as a two-layer system, characterized by a shallow and a deep component (Figure 4 ).
The shallow layer includes both the upper portion of the fractured bedrock and the soil, which are relatively uncompacted and fast responding. The major hydrologic fluxes included in the model are precipitation (J), evapotranspiration (ET), and leakage (L) (that includes both lateral and vertical subsurface flows, as explained below). All precipitation is assumed to infiltrate into the soil except when the shallow layer is fully saturated. Leakage production is modeled through a non linear storage-discharge relationship [Brutsaert and Nieber, 1977] of the kind L5aS b sh sh , where S sh represents the dynamic water storage of the shallow layer, i.e., the volume of water that is mobilized during the hydrologic response, which can be computed through a hydrologic balance [Birkel et al., 2011] . A fraction bðtÞ of the leakage is assumed to flow laterally and discharge directly into the stream as shallow subsurface flow Q sh , while the remaining fraction ð12bðtÞÞ recharges the deep groundwater system. Overland flow seldom occurs in the model simulation, hence subsurface flow results as the dominant shallow component. To ensure that during wet periods, a higher fraction of the leakage drains directly into the stream, the partitioning term bðtÞ is assumed to be storage dependent and it is computed as the product between a coefficient b 0 and the dynamic storage normalized by the root zone pore volume, S sh ðtÞ=ðnZ r Þ. Evapotranspiration has a minor role in the Upper Hafren catchment and was simply assumed equal to a reference value ET ref , multiplied by a temperature-based correction factor that accounts for daily and seasonal variations in vapor pressure deficit and net radiation. The main model equations are summarized in Figure 5 .
The deep layer is meant to represent the deep groundwater system and it includes the aquifer and the parent material underlying the highly fractured bedrock. The deep system is fed by vertical flow from the shallow storage, while the only output is groundwater discharge, because evapotranspiration from the deep storage is neglected. In analogy with the shallow layer, groundwater flow from the deep system is modeled through a nonlinear storage-discharge relationship Q gw 5aS bgw gw , where S gw represents the dynamic groundwater storage. The use of four independent parameters to define the relevant storage-discharge relations (for the shallow storage and the groundwater) leads to equifinality because different combinations of a and b provide very similar Q-S curves in the range of discharges that pertain to each storage partition. Hence, to improve the identifiability of the parameters (and reduce their number), we assumed that the coefficient a in the two storage-discharge relations is the same, thereby removing 1 degree of freedom in the system characterization. The different behaviors of the two systems are then completely defined by the exponents b sh and b gw . This arbitrary choice has little impact on the overall model performance. Note that, even though for purely hydrologic purposes one nonlinear storage would provide satisfying results, the second storage is crucial to reproducing the observed chemical transport dynamics [see Benettin et al., 2013b, section 7] . For ease of computation, the shallow and deep dynamic storages were made dimensionless. The former was scaled to the specific pore volume n Z r , while the latter was scaled to a constant, S max , explicitly designed to be larger than the maximum modeled S gw . The normalization also allows the units of the a coefficient to be mm/h.
Chloride Circulation Model
The transport component of the model aims at describing chloride concentration dynamics in storages and outflows.
The measured rainfall concentration C J was used as model input after some adjustments to account for the adopted sampling arrangement, as described in Appendix B. A second chloride input to the Plynlimon catchments is dry deposition, which is enhanced by the vegetation surface area . However, we did not model dry deposition explicitly because, due to the large size of the sample collection funnel, sampled precipitation is likely to include its contribution.
As water infiltrates into the soil, it mixes with water already contained in the shallow storage. The size of this storage has a huge influence on solute circulation, because it defines the storage capacity of the shallow system (and thus its chemical memory). The total storage size cannot be computed from hydrologic models, which are sensitive only to the dynamic storage that is mobilized during the hydrologic response [Kirchner, 2009] . The remaining portion of storage, which is not hydrologically active, is usually referred to as residual storage or passive storage [Birkel et al., 2011] and plays a critical role in the chemical response of watersheds because it can store solutes on time scales that are much longer than the time scale of hydrologic response. Hence, in both the shallow and the deep system, we model the actual storage W(t) as the sum of a dynamic storage S(t) and a residual storage W 0 , which is assumed to be constant for simplicity. The residual storage is assessed through calibration based on observed chloride concentrations and has no influence on the hydrologic response. Hence, it can be effectively considered as a transport parameter.
The outflowing chloride concentration depends on how the outflows sample water parcels from the storage. This is simulated in the model by assigning the StorAge Selection function xðT; tÞ to the relevant outflows from each compartment. The random sampling scheme employed in this study involves a selection function constantly equal to unity (see section 3), implying that every age is sampled from each storage compartment based on its relative abundance (the larger the volume of water in storage that shares a given age, the more that age is sampled). Under this assumption, and neglecting possible effects due to evapoconcentration (see later discussion on this issue), outflow concentrations can be expressed as [Benettin et al., 2013b] :
where CðtÞ is the average storage concentration, which can also be computed as the ratio between mass and storage, CðtÞ5MðtÞ=ðSðtÞ1W 0 Þ, with significant computational benefits. In the model, each outflow is assumed to randomly sample the corresponding storage. Hence, shallow subsurface flow and groundwater concentrations are obtained as the average concentration in the shallow system, C sh ðtÞ5M sh ðtÞ=ðS sh ðtÞ1W 0 sh Þ, and in the groundwater, C gw ðtÞ5M gw ðtÞ=ðS gw ðtÞ1W 0gw Þ. Then, streamflow 
Evapotranspiration was initially assumed to randomly sample water from the shallow layer with a concentration that is a fraction a 1 of the average storage concentration. This coefficient is designed to include the possible effects of selective evapotranspiration in case of potentially toxic solutes, which would lead to an increased storage concentration during warmer periods. However, when chloride concentrations in soil moisture are below toxic levels, chloride is taken up by plants for metabolic and biochemical functioning [see Xu et al., 1999] . Preliminary calibrations suggested optimal values of a in the range 0:921 (implying no evapoconcentration), in line with observational data that do not show any evidence of evapoconcentration during the warmest months of the simulation period (May to August 2008). Hence, to reduce the number of parameters, we decided not to model evapoconcentration and kept a 5 1 (thus implying that transpired water has the same chloride concentration as the average shallow storage), leaving the two residual storages W 0 sh and W 0gw as the only transport parameters that require calibration.
It is important to note that even though the two storages are individually randomly sampled, the overall catchment is not, because water is distributed differently between the upper and lower reservoirs. For example, younger ages can be a small fraction of the overall storage as they are mainly confined in a smaller shallow reservoir, yet they can dominate the catchment discharge if stormflow is mainly made of soil water. This key issue is described in detail in section 6.
Model Calibration
The hydrochemical model described in the previous section was implemented by using a forward semianalytical approach. For each partition of the storage, the hydrologic balance is solved, at any time step, implementing the analytic solution of the mass balance equation based on the underlying storagedischarge relationship. In the shallow system, a small fraction of the storage is also removed by evapotranspiration. The mass balance is then computed by multiplying each hydrologic flux by the corresponding chloride concentration at the considered time step. In doing so, measured chloride in precipitation is uniformly downscaled from 7 to 1 h time step. All the outflows are assumed to be characterized by the mean storage concentration computed at the previous time step, which is a by-product of the RS assumption. The chloride mass stored within each compartment is updated according to the computed fluxes and then divided by the corresponding water storage (also including the residual component) to obtain the updated mean storage concentration. Chloride contained within the catchment storage at the beginning of the simulation is accounted for through the initial conditions C sh ðt50Þ and C gw ðt50Þ. A warm-up period is employed at the beginning of the simulations to reduce the impact of the initial conditions on the model results.
The estimate of water and solute fluxes in the system requires the determination of the model parameters. Some of them were set a priori based on previous analyses and field surveys [e.g., Neal et al., 2010] as summarized in Table 1 . The remaining parameters were estimated through a Markov Chain Monte Carlo (MCMC) calibration procedure using DREAM ZS [Vrugt et al., 2009; ter Braak and Vrugt, 2008] . The calibration parameters comprise five hydrologic parameters (three for the storage-discharge relationships, one for the leakage partitioning, and one for evapotranspiration) and two transport parameters (the two residual storages), as summarized in Table 2 . The hydrological and transport parameters were calibrated separately, according to the procedure described in the following.
Hydrologic parameters were calibrated against hourly discharge data. The objective function that we implemented in the MCMC is the standard log-likelihood function:
where N is the number of measurements, i is the model error at time i (calculated as the residual QðiÞ2Q obs ðiÞ), and r e is the error standard deviation. The use of equation (5) is based on the assumption of independent and identically distributed Gaussian errors. Even though these assumptions (especially the
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10.1002/2014WR016600 lack of error correlation) are unlikely when dealing with discharge or concentration time series, more sophisticated objective functions would require more parameters to be estimated, without completely avoiding the problem of introducing arbitrary assumptions at some point. To account for the loss of degrees of freedom induced by serial error correlation, we used an increased error standard deviation r e 51 mm/h. As 5 years of discharge measurements are available at the Upper Hafren, we could compare the parameters' posterior distributions resulting from the calibration of individual years. The obtained distributions generally overlap (Figure 6a ), indicating mutual consistency of our estimates across different years. This served as an independent verification of the reliability of the calibrated parameters provided by the MCMC algorithm. Consistently, a single calibration for the entire data set of 5 years resulted in a narrower distribution, peaking where the individual distributions overlap. Moreover, the optimal set obtained during the 5 year calibration performs well in each individual year (see Table 3 ), so it was selected and kept constant for chemical calibration and for the travel time analysis.
Transport parameters were calibrated against chloride measurements using the likelihood function provided by equation (5) with r e 51.5 mg/L. Again, the error standard deviation was adjusted to account for the observed serial correlation in the residuals. As just 1 year of high-frequency chloride measurements is available, it has been entirely used for calibration. In the absence of validation periods, calibrated residual storage parameters are less suitable for longer-term transport processes. The posterior distributions of the chemical parameters (Figure 6b) show that the residual component of the shallow storage is well identified (W 0sh 5002600 mm H 2 O) and consistent with field observations of the fractured bedrock depth [Shand et al., 2005] . In contrast, groundwater residual storage is much more uncertain (W 0gw > 1500 mm H 2 O), owing to the strong filtering of high-frequency information in the input signal by groundwater storage. The uncertainty in the size of the groundwater storage may be aggravated by the brevity of the simulation in our modeling exercise (approximately 1 year). Nonetheless, the total residual storage implied by our model is consistent with the estimate by Kirchner et al. [2000] of a mean travel time of 0.9 years in the Hafren catchment, which equals approximately 2000 mm of storage (0.9 years times 2650 mm/yr of precipitation, minus 15% evapotranspiration). Implications of the uncertainty in the deep residual storage are discussed in sections 5 and 6.
Results
The calibrated hydrochemical model was run over the December 2007 to November 2008 period. Simulated discharge and its partition into shallow layer and groundwater contributions are shown along with observed flows in Figure 7 . Nash-Sutcliffe (NS) efficiencies are 0.94 for discharge and 0.91 for log-discharge, indicating that the model is able to capture both the peaks and the recessions of the observed hydrograph. The flow partitioning shows that hydrograph peaks are dominated by drainage from the shallow layer, while the groundwater, though quite reactive during wet periods, accounts for most of the recessions. The simulated chloride concentration is shown in Figure 8 . Besides the first negative peak in the observed time series, which might be due to the occurrence of overland flow or other processes that could not be properly simulated by this simple model, all dilutions taking place after June 2008 are well reproduced by the model. 
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Similarly, the positive concentration peaks around January 2008 are properly caught in the simulation. This indicates that both the behaviors emerging from the observed time series (increased/decreased concentrations in response to floods) are reasonably represented by the model. NS efficiency of the best performance is 0.69.
The perceptual picture suggested by the model results is the following: during base flow conditions, discharge and solute concentrations are mostly sustained by groundwater flow, whereas right after storm events, water from the soil and highly fractured bedrock is mainly responsible for runoff formation, so the concentration at the outlet promptly shifts toward the concentration in the shallow storage (which may be either higher or lower than groundwater's, depending on the season). Our analysis thus reinforces the conceptual hypothesis of Neal et al. [2012] . During recessions, streamflow concentration gradually shifts back to the groundwater concentration. Hence, high-frequency dynamics originate at the transition between shallow and deep-water control on streamflow, induced by incoming storm events. Depending on whether shallow storage concentrations are higher or lower than those of groundwater, new storms may cause dilutions (e.g., August-November 2008 period) or positive concentration peaks (e.g., January-April 2008). This can be observed in Figure 8 , where average storage concentrations in the two compartments can be identified as the end-members of the observed chloride fluctuations. Figure  8 also explains the reason that the groundwater storage volume is highly uncertain [Seeger and Weiler, 2014] : a bigger storage would result in nearly the same constant groundwater concentration, so the size of residual groundwater store is difficult to constrain by calibration. Nonetheless it is encouraging that the calibrated residual storage in the shallow and deep reservoirs implies a mean travel time of roughly 1.5 years, broadly consistent with the mean travel time of 0.9 years estimated independently for the Hafren catchment by Kirchner et al. [2000] using spectral analysis of longer-term (but less detailed) chloride time series.
Though very simple, our model is able to reproduce the main chloride dynamics reasonably well, suggesting that the resulting flow partitioning is a reasonable representation of the catchment behaviors. Our results indicate that streamflow concentration dynamics can be inferred from spatially integrated storage concentrations within Figure 6 . Posterior distributions of (a) hydrologic parameters and (b) residual storage volumes. Red dots indicate calibrated values ( Table 2 ). The units on the y axes are relative number per x axis unit. prescribed hydrologic compartments, even though these may not necessarily be mixed. From a physical viewpoint, this can be attributed to the pronounced heterogeneity of water velocities and flow paths that supply water to the stream network, resulting in enhanced mixing of waters originating from different source areas [Kirchner et al., 2001] .
Note that, as shown by Neal et al. [2012] , the presence of both positive and negative peaks in the concentration is peculiar to chloride in this system because it is a conservative tracer whose input concentration fluctuates around a nearly constant long-term average. This implies that modeled shallow and deep storage concentrations cross each other during the year (see, e.g., Figure 8 before and after day 190). For other solutes, this might not be the case, because the concentration could be persistently lower in groundwater than in shallow storage (e.g., due to degradation processes, like for phosphorus), leading to positive concentration peaks in stormflow, or persistently higher in groundwater than in shallow storage (because of, e.g., rock weathering, like for silica), leading to negative peaks (i.e., dilution) in stormflow. Even for nonreactive tracers, one might observe persistent positive or negative concentration peaks if the input loads exhibit long-term nonstationarity. This was observed for chloride in the Hupsel Brook Catchment [van der Velde et al., 2010] , where soil water is systematically less concentrated than groundwater because of the reduction of fertilization loads during the last decades, induced by environmental policies. 
Travel Time Analysis
Backward travel time distributions over the simulation period 2007-2008 were reconstructed based on the equations described in section 3, using the total storage W5S1W 0 as the storage term in equation (2). Because backward distributions are based on precipitation events that happened up to many years before the considered period, the hydrochemical model was run from 1985 to 2008, to provide an estimate of all the hydrologic fluxes required for TTD computation. In order to balance between numerical efforts and accuracy in calculating TTDs, distributions were computed on 6 h time step.
For each individual storage (shallow and deep), the age distributions in the storage and in the outflows coincide, as prescribed by the adopted RS mixing scheme. In the shallow layer, TTDs (and hence RTDs) show enhanced time variance due to the high variability in flows and storages. Groundwater TTDs are, by contrast, relatively constant because flow variability is damped owing to the large storage size. This can be seen in Figure 9 , where a few TTDs are reported for individual points in the time series and compared to the stationary marginal distributions. While individual distributions in the shallow layer show large departures from the corresponding marginal distribution, groundwater distributions are almost indistinguishable.
It is worth highlighting that when one considers the catchment as a whole, the overall system is far from being randomly sampled. This is because the shallow storage makes only a small contribution to total storage, but it is preferentially sampled by discharge, especially during high flows. The difference between the age distributions of the overall storage and discharge can be seen in Figure 10 , where all cumulative distributions obtained during the simulation period are plotted. Two main features clearly emerge: (i) cumulative TTDs are generally shifted upward with respect to their corresponding RTDs, meaning that discharge is mostly made up of younger water than storage, and (ii) TTDs are much more variable over time, as shown by the larger range spanned by their mean values (inset). Discharge can release both very young waters (during storm events) and old waters (during dry periods), while total storage is always dominated by old waters contained in the deep storage. 
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The difference between discharge and storage age dynamics is best explained by looking at the corresponding SAS functions x (equation (1)). The functions were computed as the TTD/RTD ratio and then rescaled over the transformed residence time domain proposed by van der Velde et al. [2012] and shown in Appendix C. Such a change of variables conveys notable advantages because, in the transformed domain, the StorAge Selection functions turn into probability density functions and display a more regular and smooth shape. The SAS functions are reported in Figure 11 , where different colors are used for different shapes. The same color is used to identify the corresponding shallow storage level (inset). The plot suggests that during wet conditions outflows have a preference for younger waters, and that this tendency is enhanced with increasing wetness. Conversely, when the catchment becomes dry, older water parcels tend to be preferentially sampled because the shallow system becomes almost inactive. The link between age-selection and storage, however, is not one-to-one because the system is characterized by some degree of hysteresis. The same storage can correspond to different catchment conditions, depending on whether the catchment is wetting or drying. This is visible in Figure 11 where similar age-selection functions (i.e., similar colors of curves) correspond to different shallow storage states (e.g., during peaks or recessions). Therefore, SAS functions can provide useful insights for the characterization of the hydrologic state of a watershed.
So far, each TTD is representative of one simulation time step, regardless of the amount of discharge water it refers to, but one may want to get flowweighted distributions that are more representative of the masses of water that leave the catchment. As higher discharges are characterized by younger water, flow-weighted average travel times are younger than time-weighted averages [Peters et al., 2013] . Marginal travel time distributions are intrinsically flowweighted functions because individual TTDs are averaged out by weighting them by the corresponding discharge value. We calculated the 
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10.1002/2014WR016600 marginal distributions using equation (A(1)) over the whole simulation period to explore the time-integrated behavior of the TTDs. Distributions computed for the shallow storage, groundwater, and overall discharge are compared in Figure  12 . The plot shows that shallow-storage and groundwater distributions are characterized by different time scales (a few months and a few years, respectively), while the overall marginal distribution displays a smooth transition between shallow-storage and groundwater distributions, and hence spans a wide range of time scales. Interestingly, the overall marginal TTD closely resembles a Gamma pdf with shape parameter a50:5, which has often emerged from analyses of tracer time series using spectral methods to estimate stationary travel time distributions [Kirchner et al., , 2001 Godsey et al., 2010; Kirchner and Neal, 2013] .
Notwithstanding uncertainties involved in the spatial variability of chloride deposition, the travel time analysis allows for preliminary inferences about the catchment mass balance. The measurements suggest that during the study period a total of 15:7 g=m 2 entered the catchment through atmospheric deposition and 16.0 g/m 2 left the catchment as discharge (very close to the value of 16.5 g/m 2 predicted by the calibrated model). However, the close match between input and output mass only reflects the equilibrium between deposition and mass displaced from the catchment during the considered 11 months, without implying any balance closure in a kinematic sense. Indeed, the kinematic picture provided by the travel time analysis suggests that 55% of the total mass removed by discharge during the simulation period was already stored within the catchment before the start of that period.
A word of caution is needed at this point. The travel time analysis is based on the underlying hydrochemical model, so one may want to assess the impact of model parameters and the related uncertainty on estimated travel times. While a complete sensitivity analysis would be a time-consuming task left for future work, informal analyses showed general stability of travel time distributions under different parameter combinations. The only parameter which could have a substantial impact on travel times is the groundwater residual storage W 0gw , because it does not have a clearly definable upper bound (see section 4.3). However, larger W 0gw values would leave the fundamental interaction between shallow and deep system (and hence the age-selection) unchanged, and its effect would be limited to increased groundwater ages, without affecting the overall patterns of behavior outlined by our results.
Conclusions
The major conclusions of this study are:
1. The hydrochemical model, based on a reasonable conceptualization of the Upper Hafren catchment, could accurately reproduce its hydrologic and chemical response. This allowed us to estimate the storages involved in solute mixing, and enabled us to infer dynamic travel time distributions. Marginal travel time distributions for the shallow subsurface flow, deep groundwater, and overall discharge. The overall marginal distribution is compared to a gamma pdf with shape parameter a50:5 and mean value 400 days (which is the same as the overall distribution).
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2. Most of the high-frequency fluctuations in the measured chloride concentration of stream water can be explained by the sharp transition between groundwater flows (with an almost constant Cl concentration) and faster flows originating from shallower storage layers (with higher or lower concentration, as driven by the inter-seasonal variability of atmospheric inputs). The same transition in dominance between deep and shallow storage also drives large fluctuations in the mean age of stream water.
3. Emerging age-selection patterns indicate a clear preference of discharge for the youngest ages in storage. Such a preference is enhanced when the catchment is wet and faster flows dominate the hydrologic response, thereby implying that discharge is always younger than storage.
Our results support the coupled use of solute measurements and transport models to quantify catchmentscale mixing processes and interpret hydrochemical data sets. The dynamic TTD analysis, which is the essence of this approach, represents a fruitful way forward for catchment-scale transport studies.
The new time domain is bounded in ½0; 1 as implied by the cumulative pdf. Therein, every point represents a fraction of storage sorted by age. SAS functions in the transformed domain are derived distributions, hence they become probability density functions:
ð 1 0 xðP S ; tÞ dP S 51 (C2)
